Abstract. BACKGROUND: Atrial fibrillation (AF) is a common type of arrhythmia disease, which has a high morbidity and can lead to some serious complications. The ability to detect and in turn prevent AF is extremely significant to the patient and clinician. OBJECTIVE: Using ECG to detect AF and develop a robust and effective algorithm is the primary objective of this study. METHODS: Some studies show that after AF occurs, the regulatory mechanism of vagus nerve and sympathetic nerve will change. Each R-R interval will be absolutely unequal. After studying the physiological mechanism of AF, we will calculate the Rényi entropy of the wavelet coefficients of heart rate variability (HRV) in order to measure the complexity of PAF signals, as well as extract the multi-scale features of paroxysmal atrial fibrillation (PAF). RESULTS: The data used in this study is obtained from MIT-BIH PAF Prediction Challenge Database and the correct rate in classifying PAF patients from normal persons is 92.48%. CONCLUSIONS: The results of this experiment proved that AF could be detected by using this method and, in turn, provide opinions for clinical diagnosis.
Introduction
Atrial fibrillation (AF) is a common type of arrhythmia diseases. It has high morbidity rates with the ability to induce strokes, thrombus, and many other serious complications [1] . Nearly half of the individuals that suffer from AF suffer from paroxysmal atrial fibrillation (PAF) and after repeated occurrence of AF, these patients always turn to persistent atrial fibrillation. Studies show that the change in vagus nerve may be an important factor related to the onset and termination of PAF. Therefore, the analysis of heart rate variability (HRV) signals [2] has been regarded as a non-invasive, but effective method of reflecting the status of autonomic nervous systems.
The main methods used in HRV analysis are time-domain, frequency domain, and non-linear [3] [4] [5] [6] [7] . The time-domain method proposes limitations on the fluctuation of heart rate. The frequency-domain method is solely based on a steady model; therefore it cannot show important detailed characteristics of HRV. In recent years, wavelet transform and empirical mode decomposition (EMD) have been widely used. They analyze signal's time-frequency characteristics [6, 7, 18] . Wavelet transform can decompose the signal into different frequency bands by convolving a signal with a wavelet basis function, leading to good time-frequency localization ability. The 0.04 ∼ 0.15 Hz low frequency part of HRV reflects the activity intensity of sympathetic nerve, while the 0.15 ∼ 0.4 Hz high frequency part shows the erethism of vagus nerve [7] . Because of these reasons, the multiscale analyses based on wavelet transform were used extensively in ECG signal processing.
The HRV signal of healthy people can show slight fluctuations, but HRV signals are nonlinear and not stationary. The two figures shown are the p08c signal and the n08c signal from the MIT-BIH PAF Prediction Challenge Database. As shown in Fig. 1 , the fluctuations will become violent and chaotic when PAF occurs. Nowadays, the chaotic theory is being widely used. Rudolf Clausius developed entropy, which has been used to signal the analysis area to characterize the complexity of a system or signal [16] . The analysis of fractal structure and complexity of HRV signals based on entropy [5, 9, 12] and other nonlinear methods have been extremely popular throughout the world. Wavelet transform methods lacked the analysis of the chaos of HRV signals. The nonlinear analysis lacked detailed information because it could only show chaos on the whole level; therefore, we considered proposing a method combining both of them.
Method
Wavelet transform has been widely used in the analysis of HRV signals since Vetterli first applied it in filter [17] . Therefore, we have the ability to obtain different frequency signals by using wavelet transform. Entropy can describe the chaos levels of a signal as well as measure the level of complexity in the nonlinear dynamics area [9, 12] . Zero entropy denotes that the system is well regulated, while Y. Xin et al. / PAF recognition based on multi-scale Rényi entropy of ECG S191 infinity entropy means that the system is completely chaotic. The Rényi entropy [10] is a generalized form of Shannon and other kinds of entropy, but the Rényi entropy often has a better performance than any of them. Based on the physiological characteristics of PAF signal, in order to extract features of HRV signal we proposed a multi-scale Rényi entropy by combining both the wavelet transform and Rényi entropy methods. After this, in order to detect and determine PAF signals with health signals, as well as signals that are far away from PAF, we used the support vector machine (SVM) method.
Multi-scale Rényi entropy
Because the wavelet analysis relies on multi-scale analysis, it reflect the potential information of HRV signals much better when combined with Rényi entropy calculation. The procedures of the proposed method are listed below:
-First, make m-scale discrete wavelet transform on HRV signals. The discrete wavelet function ϕ j,k (t) is often described as:
Where j denotes the scale factor, and k is shift factor. Thus, the discrete wavelet coefficients C jk of HRV signals were obtained:
Where ϕ * j,k (t) is the conjugate number of ϕ j,k (t). If the wavelet coefficient vector on scale j is called W j :
Then n would denote the length of the wavelet coefficient on this scale.
-Mixing the wavelet coefficient on scale j, the Rényi entropy of order q, where q 0 and q = 1, is defined as:
p jk is described as:
-Here the Rényi entropy is a generalized form of Shannon and other kinds of entropy. Rényi entropy with different parameter q has a different performance. In order to find the best results, we should choose a method to find the most appropriate q. In this article, the traversing method was applied.
Implement method
In this paper, we proposed a multi-scale Rényi entropy method for feature extraction of HRV signals and then applied it on PAF recognition and classification. In order to obtain HRV signals, we first have to complete preprocessing on the original ECG signals to remove the noises. Then to accurately specify PAF, we extract the different characteristics of HRV signals using Rényi entropy. Last, a classifier will be trained with the train dataset to classify the test dataset by the feature of signals. The proposed method is described in Fig. 2 : 
Results and discussion
In this paper, to verify our method we used the MIT-BIH PAF Prediction Challenge Database. The entire dataset includes 50 normal ECG signals, 25 normal PAF signals, and 25 signals that are far away from PAF. In order to classify as a signal far away from PAF, the sample must not have any PAF occurring within 45 minutes before and after sampling signals. A normal signal is marked with the letter n (n08). A signal coming from a patient begins with the letter p and ends with the letter c. An odd middle digit indicates that the signal is far away from PAF. On the contrary, the signal is a PAF signal if it is even. All signals are five minutes long and the sampling frequency is 128 Hz.
First, as described above, a 5 ∼ 15 Hz band pass filter was designed to remove the noises. Then the Pan-Tompkins method was applied for positioning of the R waves so that the five-minute length HRV signals could be obtained. Because of the advantages of Daubechies wavelet, the db8 wavelet was applied as the wavelet base function. This resulted in an eight-layer decomposition on the HRV signals to analyze the excitability of cardiac electrical activity on different scale coefficients. Then the Rényi entropy of each scale coefficients was calculated and the SVM method was used for classification.
Three statistics were calculated to show the results of the classification: correct rate, sensitivity, and specificity [15] .
Specificity (%) = TN TN + FP × 100
The five-fold-cross-validation method was employed 100 times per classification in order to avoid excessive fitting and improve upon the credibility of the classification results. As mentioned previously, in order to get a better classification results, the most appropriate q needed to be clarified; a number between 0 ∼ 5 was generally considered. In this paper, directly traversing method that cross from 0.1 to 5.0 was designed, and the step length was set to 0.1. Figure 3 shows the results of the first experiment where a classification of 50 normal HRV signals and 25 PAF signals was conducted. The left chart indicates the average values of the correct rate, sensitivity, and specificity of the classification. The right chart indicates the standard deviation of these values. Figure 3 suggests that the results were quite steady when q = 1.7; the correct rate reaches the highest, and the standard deviation was the lowest. The correct rate, sensitivity, and specificity were (92.48 ± 0.13)%, (92.76 ± 0.21)%, and (91.76 ± 0.12)%, respectively.
With the parameter set at q = 1.7, two-sided student's t test has been used in the experimental result in order to ensure the reliability of the results. The confidence level of Student's t test is 0.05. L1-L8 represents eight scale of wavelet decomposition respectively in Table 1 .
In Table 1 , the P value reflects the otherness of the entropy in the same scale between two samples. P < 0.05 means that the two samples have statistical differences and 0.01 < p < 0.05 means the statistical differences are very evident. In order to use the feature to classify the normal and PAF signals, the Multi-scale Rényi entropy value has significant different. The physiological reason that the excitability and complexity of vagus rises when PAF occurred can be proven is because the absolute value of entropy of PAF signal is higher than the value of normal signal in every scale. Therefore, the entropy will rise with the increase of complexity. Then, the same experiment of 25 PAF signals and 25 signals far away from PAF was completed. The left chart in Fig. 4 indicates the mean values of the correct rate, sensitivity, and specificity of the classification and the right chart indicates is the standard deviation of these values. In Fig. 4 we can find that when q = 0.6 the classification results were the best. As q grows, the results worsen, and the standard deviation increases. The correct rate, sensitivity, and specificity were (94.90 ± 0.12)%, (93.84 ± 0.33)% and (95.96 ± 0.19)%, respectively.
In this experiment, the two-sided student's t test was also used to ensure that the results were reliable. In Table 2 , the value of parameter was set to 0.6. L1-L8 represents eight scale of wavelet decomposition.
